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Medical Entity Relation Extraction Based on Deep Neural Network and Self-attention Mechanism
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Abstract With the advancement of medical informatization,a large amount of unstructured text data has been accumulated in the
medical field. How to mine valuable information from these medical texts is a research hotspot in the field of medical profession
and natural language processing. With the development of deep learning,deep neural network is gradually applied to relation ex-
traction task,and “recurrent+CNN” network framework has become the mainstream model in medical entity relation extraction
task. However,due to the problems of high entity density and the cross-connection of relationships between entities in medical
texts,the “recurrent+CNN” network framework cannot deeply mine the semantic features of medical texts. Based on the “recur-
rent+CNN” network framework., this paper proposes a Chinese medical entity relation extraction model with multi-channel self-
attention mechanism. It includes that BLSTM is used to capture the context information of text sentences,a multi-channel self-at-
tention mechanism is used to mine the global semantic features of sentences,and CNN is used to capture the local phrase features
of sentences. The effectiveness of the model is verified by experiments on Chinese medical text dataset. The precision, recall and

F1 value of the model are improved compared with the mainstream models.
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Table 1 Relation types of Chinese medical relational data set
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Table 3 Results with different numbers of self-attention channels

AT 2 95)
- P R F1
1 85. 24 85. 02 84. 86
10 85.55 85.11 85.06
20 85.19 84. 88 84.72
30 85.51 85. 46 85. 23
40 85.24 84,87 84. 72

M 3 Al LA 2 8 R AN 1R 10
I AR R PROR A R L LR FL S — E R T Ui S
5 G5 (4 B T A AR L, e i E0R B TR R R A
T 275 T XA B AT RE 45 58 B A L2 R 10 &
SR8 SCRAE S0 1E T 22583 [ S AL A ok . Sk, 2
WK 20 B F 40 BFLF1 EE B AR TR,
X A0 R A R, 3 22 0 5 A S A R AR fig ot &2
B B Hh A S U SR T M R S SO R S LA AT
FEASAD (4 M B A BT R R, RO, S SR A AL R )
W TE B E R 30, H F1 (MK 85.23%.
4.3.2 ERBRAMRE

72 CNN v, 85 — Wit Ak 19 8 0 28 K/ f B8 T 36 A
HBUZ M E BB RN, T8 2 vk b Ak B 345 U U8 I 9% K1
AT LA A UG B ) R A A B . T IR B I RN e T
CNN ZEHili gk a) b R f B R AE B BE 7 . PR, i S0 4o 52
B 8 CNN JZ 14 1 1108 D 2% 0 S AR R/ 38 4 B9 o w5 4 U
B RMERF A AT LR gs R,

Fa AR AR AL G S R R

Table 4 Results of different filter length combinations

CBLT . %)

[f1ef2] P R F1

[2.3] 85.52 85.15 85. 08
[2,5] 85.51 85. 46 85.23
[2.7] 84. 80 84.05 84.09
[3.3] 85.13 84. 84 84.70
[3.5] 84. 90 84.55 84. 34
[3.7] 84.57 84. 22 83.99

M 4 R LUE IR K R AT AR S O B
FER A B T AE — 1 (A5 A B A5 (5 4 T AR 43 DX A, AT
el 455 T8 22wt Y HC A A 0 R SRR AIT S AR TR TR 0 R A R
RO HRRE ) . T 45 FR A 0 R IR 45 /D o B TR1 DU R AR 47 4
TE LA R K . R, AR R CNIN 2 1 A 08
RN E L2, 50 e fd: .

1.3.3 BRI LR
A SCHR H % BLSTM-MCatt-CNN 5% # 5 6 /> 3% i i

RUBEAT X LG S5 R Ik 5 g,
#5  ORRIBBI SRR 45 R

Table 5 Experimental results of different models

CHLpT 2 6D

HA P R F1
CNN 82.03 82.21 81.68
BLSTM 82.91 82.91 82.69
ABLSTM 83.07 83.17 82.92
CRNN-max 84.19 84.24 83.94
CRNN-att 83.54 83. 34 83. 21
CBGRU 82.29 82.25 81.96

BLSTM-MCatt

CNN-max 85.51 85.46  85.23

BLSTM-MCatt-

85.19 84.77 84.71
CNN -att

LU R F WY AE P SR A IO R AT 55 b AR SR
H i) BLSTM-MCatt-CNN #5728 1 26 . B M A1 F1 (H
LT A7 35 o 5 0 14 3 RS 0 S A, A8 A SR AR o 331 R P 22 3
TR AU AR 4 R T SCREAE LRI CNIN 4 4K Jm) #8 41
VB ARAE , 30 P AN RFAE HEAT A BB S50 4R TH 26 FR il A 2
PR T A SRR A% AT &5 B A st Hid L 7 CNN 2
19 86 W Ak v SR FH e R 4k # BLSTM-MCatt-CNN-max
ARG B 3 4 [T F1E ARG T S o) L F1 {8
RFNT 85.23% T T I RE SR FH R A A A 24 i R A AR Y
CRNN-max, [, 76 CNN JZ 1955 Z b b w5k i & 0 i
1k 89 BLSTM-MCatt-CNN-att #5485 5 % | 4 [B R 1 F1 {4
1,35 8 8 s AR SR A 38 D Ak 19 CRNN-ate B8, [ 3R
LI Y XoF H B I 7 “ recurrent + CNN” [ 2% HE 48 1 E il F
SIAZMIE A& I HLHI A)F 04 R 15 SCRRAE BEAT IR A2
i, A B TR THRCBIAOR . TE 8 X L BLSTM-MCatt-CNN-
max BL# il BLSTM-MCatt-CNN-att £ % ] ) % 3 , BLSTM-
MCatt-CNN-max F B ({85 4 7 [ 3R F1 {8 #8 AH X i —
¥, 5% 5 CRNN-max 1 5 Fl CRNN-att A5 % {25 5 — 5, %
W T X T2 B 25 SOA B AR L 7E CNINJS 1Y 55 — Wb Ak i
FH 35 K 3t A LA FH 3 2 0 b Ak A SECR AT

HE— 2543 AT DU 2 1D 78 56 R Al BUX A SO 7 40 4F 55
H BLSTM B8 Ly CNN RAY ) 38 90 8 4, 3% &y BLSTM
AR B AR A b A 2K R 7 09 B R SOAE B BT 27 > ) A9 ARG
1M CNN £ 78 HORE 3@ of 5 30 %0 1 4 38 )+ 09 R 3045 2, o ik
A F MR . 25 AT EZ I HLH B ABLSTM 45 %
o BLSTM A58 1y 56 2 M BURCR S04, R BT 51 A T 2 0 L
LR AR PERE . 345 T BLSTM Al CNN 1§ CRNN
FERUAH b 2R 40 9 BLSTM A B AT CNN 51 2501 4R A W 0 1Y)
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BT 45 109 2000 S T A E B 7 320 485 4 7 e S B 2 5 1Ak 6
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A PEBEA T CNN KL &I H BLSTM A% 2> ], % 8] “CNN+
RNN"HESE AT e A 55 H F ¢ R G Bl NLP AE 55

BRIE AR T —FELG ZEE A TR LS



SR BE A L TR P R 4% R I R AL Y R 2 SRR OC R

83

SCBE A A O A A BUBE A BLSTM-MCatt-CNN, % 155 A 78
“recurrent- CNN” W 4 HE 42 i) SL i) 45 & £ 38 18 1 3 & 8L
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J& s AT BLSTM $ifi 38 SCA 4] - 19 1 F SCfE B RNK 2 18 U
fiF ) CNIN il 347 F Joi 3 4 35 45 A, 145 & 2238 0 1
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